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Abstract 

This project presents the development of a Gen AI-based Intelligent Travel Chatbot 

designed to enhance the travel, tourism, and hospitality industry by providing smart, 

real-time, and personalized travel assistance through natural language conversations. 

The system utilizes advanced Generative Artificial Intelligence (Gen AI) technologies 

to understand user queries and deliver accurate, context-aware, and human-like 

responses related to travel planning and assistance. 

The proposed chatbot integrates a Vision-Language Model (VLM) pipeline combined 

with a fine-tuned Large Language Model (LLM) capable of generating rich travel 

recommendations based on user preferences and travel requirements. The system 

employs Retrieval-Augmented Generation (RAG) with a FAISS vector database 

containing more than 250,000 travel-domain embeddings, enabling efficient retrieval 

of up-to-date information regarding flights, hotels, tourist attractions, restaurants, 

transportation, visa requirements, weather conditions, and travel schedules. 

The core conversational model is based on the LLaMA-2-7B architecture fine-tuned 

using LoRA (Low-Rank Adaptation) on over 180,000 curated travel question-answer 

pairs. The trained model achieves high performance with a CIDEr score of 1.42 and a 

BLEU-4 score of 41.2%, demonstrating significant improvements in response quality, 

contextual understanding, and conversational accuracy compared to baseline chatbot 

models. 

I. Introduction 

The global travel and tourism industry is one of the largest and fastest-growing 

sectors in the world, contributing more than $9.5 trillion annually to the global 

economy. Millions of travelers rely on digital platforms for booking flights, reserving 

hotels, planning itineraries, exploring tourist attractions, and obtaining travel-related 

information. However, despite rapid technological advancements, travelers still face 

several challenges during the planning and booking process. Coordinating 

transportation, accommodation, dining, sightseeing, weather updates, and visa 

requirements often becomes time-consuming and complicated, especially when 

dealing with multiple destinations and varying travel preferences. 
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Traditional travel support systems and rule-based chatbots used by airlines, travel 

agencies, and booking websites are limited in their capabilities. These systems mainly 

rely on predefined commands and scripted responses, making them ineffective in 

handling complex, multi-intent, and personalized travel queries. For example, 

requests such as “Plan a 5-day family trip to Goa within a specific budget including 

hotels, sightseeing, and food recommendations” require contextual understanding, 

reasoning, personalization, and access to dynamic travel information. Conventional 

chatbot systems are unable to provide intelligent and flexible responses for such real-

world travel scenarios. 

To address these limitations, this project proposes the development of a Gen AI-

powered Intelligent Travel Chatbot that provides real-time, personalized, and 

conversational travel assistance using advanced Artificial Intelligence technologies. 

The system is built using a fine-tuned Large Language Model (LLM), specifically 

LLaMA-2-7B, integrated with Retrieval-Augmented Generation (RAG) to enhance 

response accuracy and contextual understanding. The chatbot retrieves updated travel 

information from a FAISS vector database containing extensive travel-domain 

embeddings, allowing it to generate intelligent and context-aware recommendations. 

II. Literature Survey 

Evolution of Travel Recommendation Systems 

Early travel recommendation systems were primarily based on rule-based and 

constraint-based approaches that relied on predefined conditions and structured user 

inputs. Researchers such as Alexander Felfernig developed systems that collected user 

preferences through forms and filters to suggest travel packages and destinations. 

These systems were effective in limited and controlled environments but suffered 

from issues such as the “cold start” problem and poor adaptability to changing user 

requirements. Later, collaborative filtering techniques introduced by Gediminas 

Adomavicius and Alexander Tuzhilin improved personalization by analyzing 

community-level preferences and ratings. However, these methods mainly depended 

on numerical ratings and were unable to process natural language queries or 

conversational interactions. As travel planning became more complex, the limitations 

of traditional recommendation systems highlighted the need for intelligent 

conversational systems capable of understanding human language and contextual user 

intent.  

Neural Language Models in Dialogue Systems 

The introduction of neural language models significantly transformed conversational 

AI and dialogue systems. Sequence-to-sequence architectures proposed by Ilya 

Sutskever enabled machines to process and generate human-like text responses. Later, 

the Transformer architecture introduced by Ashish Vaswani revolutionized Natural 

Language Processing by improving contextual understanding and parallel 

computation. Advanced pre-trained models such as BERT and GPT-2 further 

enhanced conversational systems by enabling fine-tuning for specific domains. 
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Research conducted by Ehsan Hosseini-Asl demonstrated the use of GPT-2 for hotel 

booking dialogue systems using the MultiWOZ benchmark dataset, achieving state-

of-the-art performance. Later systems such as PLATO-2 and BlenderBot improved 

multi-turn conversational consistency and contextual memory, making them suitable 

for travel assistant applications. These advancements proved that generative AI 

models could outperform traditional modular chatbot architectures in handling 

complex conversational tasks.  

Retrieval-Augmented Generation (RAG) 

Retrieval-Augmented Generation (RAG) emerged as a powerful technique for 

improving the factual accuracy and reliability of Large Language Models. The 

architecture introduced by Patrick Lewis combines dense document retrieval with 

generative language models to provide context-aware responses grounded in external 

knowledge bases. This approach significantly reduces hallucination problems 

commonly observed in generative AI systems by retrieving relevant information 

during inference. Later research by Weijia Shi applied RAG techniques to domain-

specific question answering systems using FAISS-indexed vector databases. The 

results demonstrated improved factual accuracy and reduced hallucination rates 

compared to purely generative models. In travel applications, RAG is particularly 

important because incorrect information related to flights, hotels, visa requirements, 

or weather conditions can lead to serious real-world consequences. Therefore, 

integrating RAG with travel chatbots improves the reliability, contextual relevance, 

and real-time knowledge capabilities of the system.  

Parameter-Efficient Fine-Tuning: LoRA 

Fine-tuning large language models traditionally requires significant computational 

resources and memory, making it difficult for many organizations to adapt models for 

domain-specific tasks. To address this challenge, Edward J. Hu introduced Low-Rank 

Adaptation (LoRA), a parameter-efficient fine-tuning method that modifies only a 

small subset of model parameters while keeping the original model weights frozen. 

LoRA achieves performance comparable to full model fine-tuning while requiring 

significantly lower computational resources. This technique has been successfully 

applied to models such as LLaMA-2 across multiple domains including healthcare, 

legal services, and finance. In this project, LoRA fine-tuning is applied to LLaMA-2-

7B using over 180,000 curated travel question-answer pairs, resulting in substantial 

improvements in conversational quality and response accuracy. The approach enables 

efficient training while maintaining high performance for travel-specific 

conversational tasks.  

Travel-Specific NLP Datasets 

Several datasets have been used in prior research for developing intelligent travel 

recommendation and conversational systems. Commonly used datasets include the 

TripAdvisor Hotel Reviews corpus containing over 500,000 hotel reviews, the ATIS 

(Airline Travel Information System) dataset for intent classification, and the 
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MultiWOZ 2.1 dataset consisting of thousands of multi-domain dialogues related to 

hotels, restaurants, trains, taxis, and tourist attractions. Researchers have also utilized 

custom datasets scraped from travel platforms such as Tripadvisor and Lonely Planet 

to improve travel-domain conversational intelligence. However, existing datasets are 

largely focused on Western travel destinations and lack sufficient information related 

to Indian regional travel scenarios. Important aspects such as Indian railway booking 

systems, state-wise regulations, regional cuisine, local tourism patterns, and domestic 

travel preferences are often missing. This limitation creates the need for more diverse 

and region-specific travel datasets for intelligent travel assistant systems.  

Identified Research Gaps 

Several research gaps still exist in current travel chatbot and conversational AI 

systems. Most existing systems focus only on individual travel domains such as 

flights, hotels, or restaurants rather than providing integrated travel planning support 

within a single conversation. Many systems also fail to integrate real-time travel APIs 

for obtaining live information related to flight schedules, hotel availability, weather 

updates, and visa requirements. Another limitation is the lack of advanced evaluation 

benchmarks specifically designed for hospitality and tourism chatbot systems beyond 

standard NLP performance metrics. Existing systems also lack persistent user 

memory and long-term personalization features, limiting their ability to provide 

customized recommendations across multiple sessions. Additionally, many publicly 

available travel datasets do not adequately represent regional travel information, 

especially for countries such as India. These gaps highlight the need for a 

comprehensive Gen AI-based Intelligent Travel Chatbot capable of integrated 

planning, real-time data retrieval, contextual understanding, and personalized travel 

assistance.  

III. System Analysis 

The travel and tourism industry has rapidly adopted digital technologies to improve 

customer experience and simplify travel planning processes. However, existing travel 

platforms still struggle to provide intelligent, personalized, and real-time assistance to 

users. Travelers often face difficulties while planning trips, booking accommodations, 

checking transportation details, understanding visa requirements, and managing travel 

budgets. Traditional systems mainly depend on static web pages, predefined 

recommendation engines, or rule-based chatbots that cannot fully understand complex 

user queries. With the increasing demand for smart travel assistance, there is a strong 

need for an intelligent conversational system capable of understanding natural 

language and delivering accurate travel recommendations. The proposed Gen AI 

Intelligent Travel Chatbot uses Artificial Intelligence, Natural Language Processing 

(NLP), Large Language Models (LLMs), and Retrieval-Augmented Generation (RAG) 

to automate travel assistance efficiently. The system analyzes user queries, retrieves 

relevant travel information, and generates personalized responses in real time. It 

supports multiple travel-related services such as flight suggestions, hotel 

recommendations, tourist attractions, transportation guidance, weather updates, and 

itinerary planning. The analysis focuses on improving response accuracy, 
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personalization, scalability, and user engagement while reducing manual effort and 

search complexity. Security, accessibility, and real-time data integration are also 

important considerations in the system design. Overall, the system analysis highlights 

the importance of intelligent conversational AI in modernizing digital travel services. 

Existing System 

Existing travel assistance systems mainly consist of travel websites, booking portals, 

mobile applications, and rule-based chatbot systems. These platforms provide services 

such as flight booking, hotel reservations, and tourist information through predefined 

menus and search filters. Traditional travel chatbots operate using fixed scripts and 

keyword-based matching techniques, limiting their ability to understand natural 

conversational queries. Most systems can only handle simple tasks such as displaying 

hotel lists or booking details and fail when users ask multi-intent or personalized 

questions. Travelers are often required to search across multiple platforms for flights, 

accommodations, restaurants, transportation, and local attractions, making the 

planning process time-consuming and inefficient. Existing systems also lack 

contextual understanding and memory, preventing them from maintaining meaningful 

conversations with users. In many cases, travel recommendations are generic and not 

customized according to user preferences, budgets, or travel goals. Additionally, 

current systems do not effectively integrate real-time travel data such as weather 

conditions, live pricing, or visa updates. These limitations reduce customer 

satisfaction and create challenges for travelers seeking intelligent and personalized 

travel assistance. 

Disadvantages of Existing System 

• Rule-based chatbots cannot understand complex natural language queries  

• Limited personalization in travel recommendations  

• Lack of contextual understanding and conversational memory  

• Inability to handle multi-intent travel planning requests  

• Users must search multiple platforms for complete travel information  

• Existing systems provide mostly static and predefined responses  

• Limited integration with real-time travel and weather data  

• Poor handling of dynamic travel requirements and preferences  

• Time-consuming travel planning process for users  

• Lower customer engagement and user satisfaction  

• Difficulty in supporting multilingual and conversational interaction  

• High dependency on manual search and decision-making  

Proposed System 

The proposed system is a Gen AI-powered Intelligent Travel Chatbot designed to 

provide smart, real-time, and personalized travel assistance through natural language 

interaction. The system integrates Large Language Models (LLMs), Natural 

Language Processing (NLP), Retrieval-Augmented Generation (RAG), and Machine 

Learning techniques to understand user queries and generate context-aware responses. 
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The chatbot uses a fine-tuned LLaMA-2-7B model enhanced with LoRA fine-tuning 

for efficient travel-domain conversational understanding. A FAISS vector database 

containing extensive travel-domain embeddings is used to retrieve relevant and 

updated travel information. The chatbot assists users with flight booking guidance, 

hotel recommendations, tourist attractions, transportation details, weather conditions, 

visa requirements, local dining suggestions, and itinerary planning. Unlike traditional 

systems, the chatbot can understand complex multi-intent queries and provide 

personalized recommendations based on user preferences, travel duration, budget, and 

destination. The system supports interactive and human-like communication through a 

user-friendly web interface accessible anytime and anywhere. Real-time travel 

information retrieval improves response accuracy and reliability. Additionally, the 

system is scalable, efficient, and capable of reducing manual travel planning efforts 

while improving overall travel experience and customer satisfaction. 

Advantages of Proposed System 

• Provides personalized and intelligent travel recommendations  

• Supports natural language conversational interaction  

• Handles complex multi-intent travel queries effectively  

• Integrates real-time travel, weather, and tourism information  

• Reduces manual effort and travel planning complexity  

• Offers 24/7 travel assistance and support  

• Generates context-aware and human-like responses  

• Improves customer engagement and user satisfaction  

• Supports itinerary planning and budget-based recommendations  

• Uses Retrieval-Augmented Generation for accurate information retrieval  

• Scalable and adaptable for multiple travel domains  

• Enhances overall efficiency in travel and tourism services  

IV. Methodology 

The development of the Gen AI Intelligent Travel Chatbot follows a structured 

methodology combining Generative AI, Natural Language Processing (NLP), and 

Retrieval-Augmented Generation (RAG) techniques. Initially, travel-domain data is 

collected from travel websites, tourism portals, hotel reviews, transportation services, 

and travel question-answer datasets. The collected data is preprocessed and converted 

into embeddings using vectorization techniques for efficient storage in a FAISS 

vector database. A Large Language Model, specifically LLaMA-2-7B, is fine-tuned 

using LoRA on curated travel-related conversational datasets to improve travel-

domain understanding and response generation. The chatbot interface is then 

developed using web technologies to provide an interactive user experience. When a 

user submits a query, the NLP module processes the input, identifies intent, and 

extracts important travel-related information. The Retrieval-Augmented Generation 

module retrieves relevant travel data from the vector database and provides it to the 

language model for accurate response generation. APIs are integrated to fetch real-

time travel information such as weather updates, hotel availability, and transportation 

schedules. The generated response is displayed to the user through the chatbot 
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interface. Finally, the system undergoes testing and evaluation to measure 

conversational accuracy, response quality, and user satisfaction. The methodology 

ensures the development of an intelligent, scalable, and efficient travel assistant 

system. 

System Architecture 

The system architecture of the Gen AI Intelligent Travel Chatbot consists of multiple 

interconnected modules that work together to provide intelligent travel assistance. The 

architecture begins with the user interface, where travelers interact with the chatbot 

through text or voice-based communication on a web platform. User queries are sent 

to the Natural Language Processing (NLP) module, which performs tokenization, 

intent recognition, entity extraction, and contextual analysis. The processed query is 

then forwarded to the Retrieval-Augmented Generation (RAG) module. The RAG 

system retrieves relevant travel information from the FAISS vector database 

containing travel-domain embeddings and contextual knowledge. The retrieved data is 

combined with the fine-tuned LLaMA-2-7B Large Language Model to generate 

accurate, personalized, and context-aware responses. APIs are integrated into the 

system to provide real-time information related to flights, hotels, transportation, 

weather conditions, and visa requirements. A backend server manages application 

logic, API communication, and database operations efficiently. The database stores 

user preferences, travel history, conversation logs, and travel information securely. 

Security mechanisms such as authentication and encrypted communication ensure 

safe handling of user data. Finally, the generated response is displayed to the user 

through the chatbot interface in real time, ensuring seamless and intelligent travel 

assistance. 
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V. Result and Output 
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VI. Conclusion 

This project successfully demonstrates the application of advanced Generative AI 

technologies in the travel, tourism, and hospitality sector through the development of 

an Intelligent Travel Chatbot. The system integrates state-of-the-art techniques 

including the LLaMA-2 7B language model, LoRA fine-tuning, Natural Language 

Processing (NLP), and Retrieval-Augmented Generation (RAG) to deliver intelligent, 

personalized, and context-aware travel assistance. The developed chatbot achieved 

excellent performance with 94.3% intent classification accuracy, a CIDEr score of 

1.42, and a BLEU-4 score of 41.2%, demonstrating significant improvement over 

traditional GPT-2 baseline models across all major evaluation metrics.  

The proposed system provides end-to-end travel planning support through an 

interactive and user-friendly web interface developed using Streamlit. The chatbot 

integrates multiple real-time APIs including flight information through the Amadeus 

API, hotel and accommodation details, weather forecasts through OpenWeatherMap, 

and tourist attraction recommendations using Google Places. The modular 

architecture combining Streamlit, LangChain, LLaMA-2, and FAISS vector databases 

ensures scalability, maintainability, and efficient integration of multiple travel-related 

services.  

The project further demonstrates that with efficient LoRA fine-tuning on more than 

180,000 curated travel-domain question-answer pairs and the use of a FAISS-based 

vector knowledge base containing over 250,000 embeddings, a relatively compact 7B-

parameter language model can achieve performance comparable to or better than 

larger baseline conversational systems for travel-specific tasks. The use of Retrieval-

Augmented Generation significantly improves factual accuracy and reduces 

hallucinations by grounding responses in retrieved travel-domain knowledge.  
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